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Abstract
Involving end-users in Demand Side Management (DSM) programs with home energy
management systems (HEMS) is an important requirement in realizing a smart grid. One of
the main advantages of smart grids is the presence of advanced communication technologies
that facilitate grid operators and local distribution companies (LDCs) to communicate
directly with customers. Thus, there is a need to evaluate the potential impact of the
application of Demand Response (DR) programs on both customers and utilities.
The thesis presents a comprehensive mathematical model of an HEMS including the
interrelationships between various entities such as the rooftop solar photovoltaic panel
(PV) with its associated battery, energy storage device (ESD), and the LDC. The HEMS
comprises a set of essential household appliances such as refrigerator, water heater, washer
and dryer, and lighting system. The thesis also presents the application of model predictive
control (MPC) on an HEMS model in order to arrive at the optimal operational decisions
when the inputs are subject to variations. Case studies have been carried out to illustrate
the advantages of applying the MPC approach on HEMS. The results show an improvement
in the HEMS operation which can potentially lead to an increase in the customers’ revenue
from selling the generated and stored energy to the LDC.
The thesis further proposes the formulation of a bi-level optimization framework
wherein multiple HEMSs simultaneously optimize their respective energy consumption
profiles, while the LDC aggregates the controllable demand from each HEMS to optimize
its operational performance. A coordination scheme between multiple HEMS and the
LDC is proposed to determine the optimal DR signals for each HEMS. The results show
that the proposed approach helps regulate the total load profile of the LDC in addition to
bringing about significant improvements in the voltage profile at each bus. However, it
was noted that the customers would incur a slight increase in their daily energy cost.
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Chapter 1
Introduction
1.1 Motivation
There has been a growing concern on the availability of energy resources in the long run
while the global energy demand increases continuously. According to [1], the world energy
consumption is expected to increase 30% over the next 15 years. Consequently, there will
be a need for sufficient generation to meet the demand, by either increasing the generation
capacity or using the current capacity efficiently, or both.
The provision of additional generation using traditional fossil fuel based energy sources
impacts the environment. According to the United Environment Protection Agency, one of
the main sources of greenhouse gas emissions is electricity generation using fossil fuels such
as coal, and natural gas, which accounted for approximately 30% of the total emissions of
USA in 2013 [2]. The integration of renewable energy resources can limit the production
of greenhouse gas emissions.
In addition to the provision of environmentally friendly energy resources, the efficient
use of electrical energy can reduce the peak demand of the utility. A study carried out
by the Council of Energy Ministers Demand Side Management (DSM) Working Group to
evaluate the potential of DSM in Canada shows that up to 10% reduction in the total energy
demand by 2025 is possible [3]. In order to achieve this goal, the utilities need to improve
their traditional grid capabilities by deploying advanced communication technologies with
customers and hence facilitate to improve grid security, reliability, and sustainability, and
the transition to a smart grid.
Smart grids also facilitate the implementation of Demand Response (DR) programs
which encourage end-users to reduce or change their electricity consumption patterns in
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response to a price or grid condition signal, which can also reduce their monthly energy
cost. At the demand side, the installation of smart meters can provide more information
about a customer’s behavior to the Local Distribution Company (LDC), which can be very
helpful to the LDC in order to balance the system. To support the change of the traditional
grid in Ontario, Canada, Hydro One Inc. has installed more than 1.3 million smart meters
at the residential level [4]. From the customer’s point view, smart meters provide significant
information to them, such as their current consumption and the associated prices, whereby
they can change their consumption based on the price signals received from their LDC;
hence, the customers should efficiently respond to these signals in order to optimize their
energy consumption.
Home Energy Management Systems (HEMS) are being developed by vendors in
response to the developments in smart grids such as the introduction of smart meters and
Real Time Price (RTP). These Home Energy Management System (HEMS) seek to
optimize the operation of household appliances to meet the customers’ objectives and
preferences. However, the uncertainty associated with solar irradiation in
Photovoltaic (PV) systems, and volatility of RTP, for example, can render the HEMS
optimal decisions as sub-optimal, under such varying conditions. As a result, there is a
need to tackle the impact of uncertainty associated with some related aspects of HEMS.
At the distribution level, it is also important to evaluate the DR of residential customers
in the presence of the HEMS.
In the context of smart grids, customers have started considering various energy self-
supply options as well, such as roof top solar PV panels, battery energy storage, etc. With
smart meters and advanced metering infrastructure, the customers can not only draw
power from the LDC but can also serve as supply resources, thus rendering them as smart
energy hubs. The penetration of HEMS seeks to improve the operation of such energy
hubs considering customers’ objectives and preferences.
It is important to evaluate a customer’s response considering such variations in the
electricity price and other signals, and the impact on LDC operation. Consequently, the
present research examines the role of residential customers’ response to the LDC’s signals
considering the uncertainty associated with different input parameters related to the
HEMS. In addition, there is a need to develop an understanding of the customers’
behavior, which can increase the efficient use of energy resources and decrease the
uncertainty in the load prediction.
2
1.2 Literature Review
The purpose of this section is to review the relevant literature pertaining to the topics and
issues discussed in this thesis including smart grids, DSM and DR, and HEMS.
1.2.1 The Smart Grid and Demand Side Management
According to The US Department of Energy, “Think of the smart grid as the internet
brought to our electric system. Devices such as wind turbines, plug-in hybrid electric
vehicles (PHEVs) and solar arrays are not part of the smart grid. Rather, the smart
grid encompasses the technology that enables to integrate, interface with and intelligently
control these innovations and others” [5]. The deficiencies of traditional grids plays an
important role in the movement toward smart grids, and involve some environmental and
financial issues such as greenhouse gas emissions and electricity prices, respectively [6].
One of the main features in smart grids is the provision for information and communication
technologies. From the LDC’s prospective, the installation of smart meters can provide
real-time energy consumption readings, facilitate two-way communication with end-users,
and support the integration of renewable resources and Energy storage devices (ESD) [7].
The provision of two-way communication between the LDC and end-users also facilitates
the implementation of DSM and DR programs, which are being implemented in different
customer sectors such as industrial, commercial, and residential loads.
One of the options in DSM programs is the Direct Load Control (DLC) program,
which allows the LDC to turn OFF an appliance, such as Heating, ventilation and air
conditioning (HVAC) or water heater, to handle an emergency event in the system [8]. This
program is commonly applied to residential and commercial customers. In [9], the provision
of aggregated regulation services using DLC of electric water heater is investigated while
considering the customers’ comfort level. The results indicate a possibility of valuable
revenue for the LDC. Another study is carried out to evaluate the potential of DLC
of aggregated HVAC units to provide a load balancing service [10]. The study shows a
promising increase in the revenue of the electricity provider. In [11], a DLC algorithm is
proposed to control a group of air-conditioning loads based on a least enthalpy estimation
approach to estimate the thermal comfort level of customers and to optimize the operation
of the appliance. A study in [12] proposes a DLC algorithm to control a large number
of residential and commercial air-conditioning systems integrated as a virtual power plant
to achieve a significant load reduction. Such a framework can allow aggregators to bid in
electricity markets by offering a certain level of load reduction.
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The authors in [13] propose a Mixed integer non-linear programming (MINLP) model
to manage the energy consumption of electrolytic process industries by minimizing the
energy cost and peak load by shifting and rescheduling the load. The study reports a
significant reduction of up to 19% in peak demand and around 3% energy cost reduction
under Time of Use (TOU) price scheme.
Interruptible loads play an important role in the context of reliability and security of
electricity systems. An Optimal Power Flow (OPF) based interruptible load management
scheme is proposed in [14] to address several problems associated with optimal load
curtailment with short-term and long-term price discounts. Another work in [15]
proposes a real time interruptible tariff mechanism to determine the optimal incentive
rate to be provided to a customer. Fuzzy dynamic programming is used in [16] to
optimize the curtailment schedule of interruptible loads, while in [17] a Mixed integer
programming (MIP) based unit commitment is proposed considering probabilistic
spinning reserve and interruptible load as operating reserve, to coordinate the operation
of energy and reserve facilities.
TOU tariff and RTP are price-based DR programs, whereby the end-users do not have a
fixed price over the day. Many studies are being carried out to evaluate the effectiveness of
dynamic pricing schemes on the consumption behavior of residential customers. According
to [18], significant savings in total energy cost and reduction in peak load of the utility can
be achieved by implementation of dynamic pricing schemes. However, the implementation
of such a dynamic DR program requires efficient response from the end-users. In [19],
an optimization based automated DR controller is proposed to control the response of
residential customers to the fluctuation in electricity prices.
The DR of residential customers to a demand charge imposed by an LDC in Norway is
examined in [20]. The demand charge is considered during the peak hours’ energy-use in
winter; furthermore, the customers are not aware of their consumption level, and when the
demand charge is being imposed. The results show a reduction in the average demand by
5% with a maximum reduction up to 9% at hour 8 in the morning; however, the authors
state that the savings could be more significant by increasing the awareness of the end-users
about their consumption level and when the demand charge is being imposed.
From the above brief review, it is noted that there is a need to provide an efficient
automated energy management system to residential customers in order to enhance their
responsiveness to the price signals sent by the LDC.
4
1.2.2 Home Energy Management System
In recent years, several researchers have reported their works on the mathematical modeling
of an HEMS that optimizes the operation of household appliances.
An early example is presented in [21]. The study proposes a DLC of air-conditioning
system utilizing a multi-pass dynamic programming method in order to generate a control
schedule of the air-conditioning system, whereby a reduction in the peak load and energy
cost can be achieved. Another study presents a physical load model of HVAC to evaluate
its ability to contribute in DR programs such as DLC [22]. Recently, a study proposes a
DLC of residential air-conditioning system to evaluate its capability to provide ancillary
services; a pilot program with 2000 households equipped with air-conditioning control is
discussed [23].
A mathematical model of an HEMS is presented in [24] that considers the minimization
of both electricity cost and the waiting time of appliances’ operation. A weighted average
price prediction filter is used to estimate the RTP. The results show a significant reduction
in energy use of the customer as well as in the peak-to-average ratio. A Particle Swarm
Optimization (PSO) based residential decision support tool is presented in [25] to schedule
the household appliances and associated Distributed energy resources (DERs), to maximize
the net benefit of a customer [26]; in addition, a significant reduction in the energy cost
for the customer is noted.
Another work in [27] proposes a dynamic DR controller for residential HVAC systems
based on the fluctuation in the RTP. The authors emphasize that the flexibility in thermal
comfort level of the customers could decrease their electricity cost and the peak load by
implementing the dynamic DR controller of the HVAC.
In [28], the authors propose an ESD controller to coordinate the operation of residential
PV and ESD to minimize the peak load and energy cost taking advantage of the fluctuations
in electricity prices. A forecasting method is proposed to predict the PV generation and
energy demand, whereby the ESD controller could help to achieve peak load shaving.
An adaptive neuro-fuzzy learning framework is used in [29] to optimize the operation
schedule of household appliances based on many factors such as the customer’s behavior
and the electricity price, minimizing the peak load or re-scheduling the energy consumption
of aggregated residential customers.
An MIP based consumption scheduling algorithm is proposed in [30] to minimize the
peak load and energy use of a customer by maximizing the usage of the generated power
from the local renewable energy sources. A non-cooperative game theoretic algorithm is
used to coordinate the household appliances of the customer.
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A comprehensive Mixed integer linear programming (MILP) model is proposed in [31]
to optimize the household appliances schedule, which can be incorporated into automated
residential energy controllers. The mathematical model includes most of the household
appliances in addition to ESD and PV panels. The values of the model parameters are
determined from practical tests, and the model is implemented on a household in Ontario,
and the results show a significant reduction in both energy cost and peak demand while
maintaining the customer preferences.
Several recent studies have been reported that consider the uncertainty associated with
the external parameters of the HEMS. A real-time scheduling of household appliances
by HEMS is presented in [32]. A conditional value-at-risk approach is used to take into
account the trade-off between the estimated energy cost and the risk of being exposed to
uncertainties associated with RTP and other parameters.
An energy efficient stochastic scheduling algorithm is proposed in [33] to optimize the
household appliances operation under RTP considering the uncertainty in PV generation.
The proposed approach shows significant savings in the energy cost of a household.
Another work in [34] presents an HEMS with solar assisted thermal load, including
HVAC and water heater, to minimize the energy cost while maintaining the thermal comfort
level of customers. A two-stage stochastic model is proposed to reduce the impact of
uncertainty in RTP and PV power generation.
In [35], an appliance commitment algorithm is developed to optimize the operation
schedules of residential water heater so as to meet the customer’s objective, considering
the uncertainty associated with RTP and water consumption. Furthermore, a two-step
appliance commitment algorithm is formulated to re-schedule the appliance operations to
reduce the impact of uncertainty associated with RTP and hot water usage of the customer.
An MILP model is proposed [5] to optimize the energy consumption and operation of
different energy resources, considering the customer’s thermal comfort level.
A Model Predictive Control (MPC) based appliance scheduling of an automated
residential building energy management controller is proposed in [36]. The thermal
appliances are modeled as thermal mass of the building and are included as thermal
constraints in the mathematical model. The proposed approach results in significant
reduction in the electricity cost of the customer. In addition, the study presents an
evaluation of the impact of the customer preferences on the amount of energy cost saving.
A stochastic dynamic programming based approach is proposed in [37] to minimize the
energy cost of a customer, small and medium loads, under RTP. The uncertainty associated
with energy consumption of the customer is considered. Another study proposes a Markov
6
decision process based scheduling of power consumption considering the uncertainty in
electricity prices [38].
Many recent studies have been carried out to investigate the impact of residential
DR on the electricity system. A residential DR program, operated by a load service
entity, is integrated into an OPF model to evaluate the impact of DR on the distribution
network [39]. In addition, a distributed DR scheme is proposed to avoid the centralized
control approach, in order to protect the customers’ privacy.
In [40], the authors emphasize that automated residential DR to reschedule the
operation of flexible appliances in order to exploit low values of RTP can lead to a peak
rebound in the LDC’s load profile. Consequently, they propose different approaches to
solve the problem of peak rebound such as flat price or house-wise RTPs at late hours in
a day.
Another study in [41] proposes a coordinated approach to DR in order to reduce the
peak rebounds. The objective is to flatten the load profile of the LDC while considering
minimization of the customer’s energy cost. Two hierarchical stages are formulated- in
the first stage, individuals optimize their appliances’ operation schedules minimizing their
electricity cost, individually. In the second stage, the LDC can reschedule their appliances’
operation in order to flatten the load profile.
1.3 Research Objectives
The specific objective of this research includes studying the impact of uncertainty
associated with external parameters of the HEMS in addition to the coordination of
multiple HEMSs and the LDC. The research objectives are listed below:
• Propose a comprehensive architecture of the HEMS considering ESD and PV panel
in the residence and including appliance models. Consequently, develop a
comprehensive interrelationship representation between the LDC and different
entities (ESD, PV panel, and its associated battery) within the customer’s
household. The framework will help to better understand the impact of each entity
on the HEMS.
• Improve the mathematical optimization model of the HEMS presented in [31] by
appropriate representation of ESD and PV panel battery related constraints.
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• Examine the impact of uncertainty in forecasted inputs such as weather, activity
level inside the house, and RTP, on the optimal decisions of the HEMS. Thereafter,
use an MPC based approach to solve the HEMS model to mitigate the impact of
uncertainties in forecasted data.
• Assess the impact of the DR of multiple HEMS on the LDC operation system by
formulating a mathematical framework for the optimal coordination of multiple
HEMS and LDC. Formulate a bi-level optimization framework to coordinate a large
number of HEMS with the LDC in order to evaluate the role of the customers in
providing DR services.
1.4 Outline of the Thesis
The rest of this thesis is structured as follows; Chapter 2 presents a background of the
concepts and the methodologies used in this thesis. A brief overview of smart grids is
presented first, followed by an overview on the DSM and DR programs. After that, an
outline of a previously proposed HEMS mathematical model is presented. Next, the
MPC approach and its advantages are illustrated. Chapter 3 presents the comprehensive
mathematical model considering the interrelationships between LDC, ESD, and PV panel
with its associated battery. In addition, it presents an MPC algorithm to reduce the
impact of uncertainty associated with HEMSs’ external parameters. The case studies,
results, and analysis of the proposed approach is described. Chapter 4 proposes a bi-level
optimization framework to coordinate a large number of HEMS and LDC to examine the
impact of residential DR on a distribution network operated by a LDC. Chapter 5
summarizes the main contributions of the research presented in the thesis and suggests
some possible directions for future research on the subject.
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Chapter 2
Background Review
This chapter provides an overview of the main concepts related to the work in the thesis.
Section 2.1 presents an overview of smart grid. Section 2.2 presents some basic concepts
related to DSM and DR. Section 2.3 discusses the HEMS and its mathematical model.
Section 2.4 presents an overview of the concept of the MPC approach.
2.1 Smart Grid
The notion of a smart grid is a power grid that provides advanced communication
technologies and data analysis capabilities in order to enhance the security, reliability,
and sustainability of the grid. This provision can facilitate the transformation of the
current, less interactive and centralized, grid to one that is more cooperative, responsive,
and less centralized [8]. The operation of smart grids involve many complex topics such
as the integration of DERs and energy management of different entities in the electricity
system. Indeed, the main features of the smart grid are listed below [42]:
• Facilitate active participation of the customers in different DR programs.
• Integrate centralized and distributed generation and storage options.
• Provide resiliency to different disturbances, and natural or cyber attacks.
• Optimize asset and maintain high operational efficiency.
• Provide a range of power quality levels to meet different customer preferences.
• Enable a variety of new products, services and markets.
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2.2 Demand Side Management and Demand
Response
DSM is an energy management approach to influence the demand side consumption in order
to achieve a desired modification to the utility’s load profile. DSM came into existence
during the late 1970s [1], following the two energy crisis of that decade.
DSM includes several measures such as energy efficiency, energy conservation,
strategic load growth, and DR programs. Energy efficiency focuses on minimizing the
energy consumption of a device without affecting its operational performance and service
provision [43]. Energy conservation is the reduction of energy use, which can be a change
in the consumption behavior, for example. Strategic load growth is a strategy to increase
the load level by electrification in order to reshape the load profile. DR programs refer to
“a tariff or a program established to motivate changes in electricity use by end-use
customers in response to changes in the price of electricity over time, or to design
incentives to induce lower electricity use at times of high prices or when grid reliability is
jeopardized” [8].
The DR programs can be beneficial to all parties involved, the customers, the LDC, and
the participants in the electricity market. Participants in DR are financially rewarded either
from their bill savings or incentive payments by the LDC [8], [44]. Furthermore, the DR
programs benefit the LDC by providing it with more flexibility in grid management. Lower
market prices can result from the reduced need for the operation of high cost generators,
which are usually operated during the peak load hours.
The DR programs can be categorized as follows: incentive based and price-based
programs [44], [45]. Load management programs and market based programs, such as
DLC and interruptible load control, are part of the incentive based programs. Dynamic
pricing schemes, such as RTP and TOU, form the price-based programs.
In the traditional load management programs, DLC is a program that can interrupt
a customer load, usually residential and small commercial customers, in order to address
an issue in the electricity system such as reliability, and provide incentive payments to the
customers for their contribution. Interruptible load refers to a load management program
that provides a discount in the electricity bill of the customers (industrial customers) as an
incentive for their readiness to reduce their consumption as and when required [44]. In the
price-based programs, RTP is a pricing scheme, where the electricity price fluctuates hourly
based on the electricity market prices, while the TOU pricing scheme is a pre-determined
pricing scheme for a block of hours over the day.
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These different approaches that fall under the DR programs, aims to modify the load
profile of the electric power system.
There are three main techniques that work toward the modification of the system load
profile in addition to DSM strategies: peak clipping, valley filling, and load shifting.
2.3 Home Energy Management Systems and
Mathematical Model
The HEMS is a residential controller that seeks to determine the optimal ON/OFF
decisions of the household appliances/devices based on the customer’s objective function
and preferences. In addition, the HEMS helps the household to better evaluate, visualize,
and manage the energy consumption by providing it with updated information about the
energy use and the current energy price. According to [12], a study by Hydro One shows
that “providing real-time displays to customers on Regulated Price Plan (RPP) and
Time-of-Use (TOU) rates increased the load shifting impacts on typical days from 3.7%
to 5.5% and on hot days (over 30°C) to 8.5%. In addition, the real-time feedback of the
HEMS can decrease the overall energy consumption up to 13%”.
The HEMS require the customers to update their preferences such as the minimum
and maximum allowable temperature setting inside the house, in order to autonomously
control their appliances. Two-way communication infrastructure is required to facilitate
the autonomous control of the appliances/devices operation by HEMS. HomePlug, ZigBee,
and Wi-Fi are the three common open communication protocols [12]. Figure 2.1 represents
an overview of the HEMS.
Several mathematical models have been proposed to optimize the household
appliances’ and devices’ operations. However, the mathematical optimization model,
formulated in [31], is chosen to be the HEMS mathematical model in this work because it
is comprehensive, and takes into account most of the typical household appliances. A
brief background to the HEMS model is presented [31]:
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Figure 2.1: Overview of HEMS Structure.
2.3.1 Objective Function
The objective function seeks to minimize the customer’s total energy cost, net of the
revenue earned.
J =
∑
t∈T
[
ρRTP(t)
{ ∑
i∈A
i 6∈{LI,ESD,PV }
PiSi(t) +
∑
z∈LI
PLIzLz(t) +
∑
i∈{ht,wh}
ρGASGi(t)Si(t)
}
− ρSEL
∑
i∈{ESD,PV }
PLDCi (t)
]
(2.1)
In (2.1), PiSi(t) and PLIz present the power drawn by the household appliances and
the lighting system, respectively. The total gas consumption is presented by Gi(t).
2.3.2 Operational Constraints of the Household Appliances [31]
In this section, the constraints of the mathematical optimization model of the HEMS are
presented. The typical household appliances/devices comprises: HVAC, dishwasher, fridge,
lighting system, pool pump, stove, washer and dryer, and water heater, in addition to an
ESD and a PV panel.
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Heating, Ventilation, and Air Conditioning System
The following mathematical model is used to represent the HVAC operation, considering
the household preferences such as minimum and maximum temperature inside the house.
θminin (t) ≤ θin ≤ θmaxin (t) (2.2)
Si(t) =
0 or 1 if t∈ Ti , i ∈ {AC,HT}0 if t/∈ Ti , i ∈ {AC,HT} (2.3)
Si
∣∣
t=1
=
{
1 if θin
∣∣
t=0
>θin(t)
max, i = AC
0 if θin
∣∣
t=0
<θin(t)
min, i = AC
(2.4)
Si
∣∣
t=1
=
{
1 if θin
∣∣
t=0
<θin(t)
min, i = HT
0 if θin
∣∣
t=0
>θin(t)
max, i = HT
(2.5)
SAC(t) + SHT (t) ≤ 1 ∀t ∈ Ti (2.6)
In (2.2), the AC and HT operations are based on a pre-set minimum (θminin (t)) and maximum
(θmaxin (t)) temperature by the household. Constraint (2.3) is used to allow the operation of
the HVAC at certain set of time intervals only. As a result, the AC system operates when
the inside temperature is above θmaxin (t); while, the HT system operates when the inside
temperature of the house is less than θminin (t), as shown in (2.4) and (2.5), respectively.
Constraint (2.6) prevents the operation of the AC and HT at the same time interval.
The change in the indoor temperature is related to many factors such as the activity
level of the customer and the ambient temperature.
θin(t) = θin(t− 1) + τ
[
βACAL(t)
− αACSi(t) + ρAC(θout − θin)
] ∀t ∈ T , i = AC (2.7)
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θin(t) = θin(t− 1) + τ
[
βHTAL(t)
+ αHTSi(t)− ρHT (θout − θin)
] ∀t ∈ T , i = HT (2.8)
Ui(t)−Di(t) = Si(t)− Si(t− 1) ∀t ∈ Ti , i ∈ {AC,HT} (2.9)
Ui(t) +Di(t) ≤ 1 ∀t ∈ Ti , i ∈ {AC,HT} (2.10)
t+MUTi∑
k=t
Si(k) ≥ MUTi −M(1− Ui(t)) ∀t ∈ Ti , i ∈ {AC,HT} (2.11)
t+MDTi−1∑
k=t
Si(k) ≤M(1−Di(t)) ∀t ∈ Ti , i ∈ {AC,HT} (2.12)
Equation (2.7) and (2.8) models the change in the indoor temperature as a result of the
HVAC operation, the change in the activity level of the customer, or the change in the
ambient temperature. Equation (2.9) and (2.10) are the coordinating constraints for the
start-up and shut-down decisions of the AC and HT. In addition, minimum up-time (MUTi)
and minimum down-time (MDTi) of the AC and HT are considered in (2.11) and (2.12).
Dishwasher
The dishwasher mathematical model is presented below:
Si(t) =
0 or 1 if t∈ Ti , i ∈ {DW}0 if t/∈ Ti , i ∈ {DW} (2.13)
Ui(t)−Di(t) = Si(t)− Si(t− 1) ∀t ∈ Ti (2.14)
Ui(t) +Di(t) ≤ 1 ∀t ∈ Ti (2.15)
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∑
t∈Ti
Si(t) = ROTi ∀t ∈ Ti (2.16)
t+MSTi∑
k=t
Si(k) ≤ MSTi +M(1− Ui(t)) ∀t ∈ Ti (2.17)
t∑
k=t−MUTi+1
Ui(k) ≤ Si(t) ∀t ∈ {EOTi + MUTi + 1,LOTi} (2.18)
t∑
k=t−MDTi+1
Di(k) ≤ 1− Si(t) ∀t ∈ {EOTi + MDTi + 1,LOTi} (2.19)
The dishwasher operates within the pre-determined time intervals preferred by the
customer as modeled in (2.13). Minimum up-time, minimum down-time, and required
operation time requirements in addition to maximum successive operation time are
expressed mathematically in (2.16) to (2.19).
Fridge
The following mathematical model pertaining to fridge operation is formulated considering
the technical aspects of the fridge as well as the customer preferences.
SFR(t) =
0 or 1 if t∈ Ti0 if t/∈ Ti (2.20)
SFR
∣∣
t=1
=
{
1 if θFR
∣∣
t=1
(t = 0)>θFR(t)
max
0 if θFR
∣∣
t=1
(t = 0)<θFR(t)
min
(2.21)
θminFR (t) ≤ θFR ≤ θmaxFR (t) ∀t ∈ T (2.22)
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θFR(t) = θFR(t− 1) + τ
[
βFRALFR(t)− αFRSFR(t) + γFR
] ∀t ∈ T (2.23)
The time intervals where the fridge can be in operation are modeled in (2.20). The
constraint (2.21) ensures that if the initial temperature of the fridge is above the
pre-determined maximum temperature, then it should be in operation; or else it should
be in a standby mode. The customer preferred minimum (θFR(t)
min) and maximum
(θFR(t)
max) temperature inside the fridge is specified in (2.22). The effect of the activity
level, ON state, and OFF state on the fridge operation are represented by βFR, αFR, and
γFR respectively and presented in (2.23).
Lighting System
The model of the lighting system is affected by two factors: daylighting (Loutz (t)) and the
minimum illumination required in zone z (Lminz (t)).
Lz(t) + L
out
z (t) ≥ (1 +Kt)Lminz (t) ∀t ∈ Ti (2.24)
The constraint (2.24) ensures that the illumination level in zone z is greater than the
minimum required illumination. In addition, the lighting system load of the house is price
elastic, which is modeled using Kt. Kt is equal to zero during the peak prices; whereas,
Kt is equal one during the off-peak prices.
Pool Pump
The installation of pool pump along with the swimming pool is required to allow the
householder to keep the water quality relatively high by treating the swimming pool water
for a certain period of time during the day. The mathematical model of its operational
constraints are as follows:
Si(t) =
{
0 or 1 if t∈ Ti , i = PMP
0 if t/∈ Ti , i = PMP
(2.25)
∑
t∈Ti
Si(t) = ROTi ∀t ∈ Ti , i = PMP (2.26)
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Ui(t) ≥ Si(t)− Si(t− 1) ∀t ∈ Ti , i = PMP (2.27)
t∑
k=t−MUTi+1
Ui(t) ≤ Si(t) ∀t ∈ {EOTi + MUTi + 1,LOTi}, i = PMP (2.28)
t∑
k=t−MDTi+1
Ui(t) ≤ 1− Si(t−MDTi)
∀t ∈ {EOTi + MDTi + 1,LOTi}, i = PMP (2.29)
t+MSTi∑
k=t
Si(k) ≤ MSTi +M(1− Ui(t)) ∀t ∈ Ti , i = PMP (2.30)
The above set of constraints ensure that the operation of pool pump is within the customer’s
preferred pool operation time.
Stove
The mathematical model of the stove is presented to help determine the optimal operation
time, based on the customer’s objective, within his/her preferred operation time period.
The mathematical optimization model of the stove is shown below.
Si(t) =
{
0 or 1 if t∈ Ti , i = STV
0 if t/∈ Ti , i = STV
(2.31)
Ui(t) ≥ Si(t)− Si(t− 1) ∀t ∈ Ti , i = STV (2.32)
∑
t∈Ti
Si(t) = ROTi ∀t ∈ Ti , i = STV (2.33)
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t∑
k=t−MUTi+1
Ui(t) ≤ Si(t) ∀t ∈ {EOTi + MUTi + 1,LOTi}, i = STV (2.34)
t+MSTi∑
k=t
Si(k) ≤ MSTi +M(1− Ui(t)) ∀t ∈ Ti , i = STV (2.35)
Washer and Dryer
The mathematical model of the washer and dryer is presented below:
Si(t) =
{
0 or 1 if t∈ Ti , i = {W,Dry}
0 if t/∈ Ti , i = {W,Dry}
(2.36)
Ui(t)−Di(t) = Si(t)− Si(t− 1) ∀t ∈ Ti , i = {W,Dry} (2.37)
Ui(t) +Di(t) ≤ 1 ∀t ∈ Ti , i = {W,Dry} (2.38)
∑
t∈Ti
Si(t) = ROTi ∀t ∈ Ti , i = {W,Dry} (2.39)
t+MSTi∑
k=t
Si(k) ≤ MSTi +M(1− Ui(t)) ∀t ∈ Ti , i = {W,Dry} (2.40)
t∑
k=t−MUTi+1
Ui(t) ≤ Si(t) ∀t ∈ {EOTi + MUTi + 1,LOTi}, i = {W,Dry} (2.41)
18
t∑
k=t−MDTi+1
Di(k) ≤ 1− Si(t)
∀t ∈ {EOTi + MDTi + 1,LOTi}, i = {W,Dry} (2.42)
The constraints (2.36) to (2.42) are modeled to provide the customer with the optimal
operation schedule for both the washer and dryer based on the customer preferences. The
washer and dryer are required to operate in a chronological sequence, where the operation
of the dryer should follow the operation of the washer. The following constraints are
included to coordinate the sequential operation of the washer and dryer.
UDRY (t) ≤
t−MUTW∑
k=t−MW,DRY
UW (t− k)
∀t ∈ {EOTi+ MW,DRY ,LOTi −MUTW}, i = {W,Dry} (2.43)
SDRY (t) + SW (t) ≤ 1 ∀t ∈ T (2.44)
∑
t∈TDRY
UDRY (t) =
∑
t∈TW
UW (t) (2.45)
Water Heater
Similar to the mathematical model of the fridge, the water heater model is presented below:
Si(t) =
{
0 or 1 if t∈ Ti , i = WH
0 if t/∈ Ti , i = WH
(2.46)
Si(t = 1) =
{
1 if θi(t = 0)<θi(t)
min, i = WH
0 if θi(t = 0)>θi(t)
max, i = WH
(2.47)
θmini (t) ≤ θi ≤ θmaxi (t) ∀t ∈ Ti , i = WH (2.48)
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θi(t) = θi(t− 1) + τ
[
αiSi(t)− βiHWU(t)− γi
] ∀t ∈ T , i = WH (2.49)
2.3.3 Operational Constraints of The Household Devices
Energy Storage Device
The ESD is assumed to be one of the typical household devices in the future. In [31], the
amount of energy charged in the ESD is assumed to be known. The mathematical model
of the ESD is shown below:
ESLPV (t) = (1− η1)ESLESD(t− 1)
+ τ [CHDESD(t) − Si(t)DCHESD] ∀t ∈ T (2.50)
ESLminESD ≤ ESLESD(t) ≤ ESLmaxESD ∀t ∈ T (2.51)
t∑
k=t−MUTi+1
Ui(t) ≤ Si(t) ∀t ∈ {EOTi + MUTi + 1,LOTi}, i = ESD (2.52)
t∑
k=t−MDTi+1
Di(t) ≤ 1− Si(t−MDTi)
∀t ∈ {EOTi + MDTi + 1,LOTi}, i = ESD (2.53)
Photovoltaic Panel and Associated Battery
One of the main features of the houses in the future is the integration of distributed
renewable energy resources such as the PV panels and the wind turbines. In [31], the
installation of a rooftop PV panel with associated battery is considered. Consequently, the
following mathematical model is considered.
Si(t) =
{
0 or 1 if t∈ Ti , i = PV
0 if t/∈ Ti , i = PV
(2.54)
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CHDPV(t) =
{
PCHD if PPV(t) ≥ PCHD
PPV if PPV ≤ PCHD
(2.55)
ESLPV (t) = (1− η1)ESLPV (t− 1)
+ τ [SPV,CHD(t)CHDPV (t)− SPV,DCH(t)DCHPV ] ∀t ∈ T (2.56)
ESLminPV ≤ ESLPV (t) ≤ ESLmaxPV ∀t ∈ T (2.57)
SPV,DCH(t) + SPV,CHD(t) ≤ 1 ∀t ∈ Ti (2.58)
2.4 Model Predictive Control
MPC is an advanced control algorithm that employs a process model for computing a
chronological succession of adjustments of variables over a future time horizon, repeatedly,
based on a fundamental optimization model and prediction of uncertain variables [1]. The
optimization model outputs provides the control decisions over the time horizon based
on a given objective function; however, the control decisions of the first time interval is
implemented. The optimization model keeps updating and generating the decision actions
as well as proceeding over the time horizon, repeatedly.
The MPC has been used in several applications that requires dealing with large
number of multi-variable constrained control problems in the process industries [47]. In
addition, there are some applications of MPC in power system such as unit commitment
problems with the presence of distributed energy resources, and the voltage regulation
and var controlling in the microgrids [48].
There are many advantages of MPC approach that makes it very attractive for
researchers in the power sector [48]:
• The ability to optimize the current time period decisions while taking into account the
predicted events within the rest of the time horizon.
• The capability of updating the forecasted inputs, which makes it a powerful tool to
handle uncertainties.
• The ability of providing a feedback on the system behavior.
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• The capability of integrating constraints as well as adding new ones over the time
horizon.
• The capability of handling operations with several controlled variables and constraints
in a systematic way.
2.5 Summary
In this chapter, the characteristics of smart grids was discussed vis-a-vis the traditional
power grid. Different basic concepts related to DSM and DR schemes was discussed
thereafter. A previously proposed comprehensive mathematical model of the HEMS was
discussed, and this will form the background to the work considered in the next chapter
with an improved HEMS based on MPC. This is followed by a brief discussion of the
definition, applications, and advantages of MPC approach.
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Chapter 3
Model Predictive Control Based
Home Energy Management System
3.1 Introduction
The mathematical model of the HEMS, proposed in [31] and discussed in the previous
chapter, is modified in this chapter to model the interrelationships between the household,
the ESD, and the PV panel (including battery) in a precise manner. Thereafter, the
MPC approach is applied to mitigate the impact of uncertainty associated with forecasted
parameters, which are the inputs to the HEMS model. Simulation studies are carried out to
examine the various interrelationships and energy interchange between the entities within
the HEMS.
3.2 Modified Home Energy Management System:
Mathematical Model
In this work, the objective of the HEMS is to minimize the customer’s total cost by
operating different household appliances at low price hours or to minimize the total energy
consumption, with/without a specified fixed/variable peak load cap. In this study, the
typical house demand comprises the following appliances: fridge, water heater, lighting
system, air-conditioning, dishwasher, washer, dryer, stove, and pool. The house is also
equipped with a rooftop solar PV panel (with a battery) and an ESD. It is to be noted that
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Figure 3.1: Comprehensive Representation of HEMS
this configuration of the house considers a battery with the PV panel and a separate ESD.
The justification of this being that the ESD can provide emergency power (by charging
from the grid) even when solar irradiation is low, and hence provides enhanced flexibility to
the HEMS. The ESD may also be representative of a Plug-in electric vehicles (PEVs) being
owned by the household, and which may serve as an ESD. A comprehensive representation
of a house and the interrelationships between different entities are shown in Figure 3.1,
and it should be noted that the power transfers between two entities are denoted by P ToFrom.
The operation of each entity is discussed below, with reference to Figure 3.1.
• The charging and discharging process of the ESD are controlled by the HEMS. The
ESD is charged by the power drawn by the house from the LDC. At peak demand
hours, the HEMS can discharge power from the ESD to the LDC and earn revenue.
• The PV panel battery (BPV) can be charged from the power drawn by the house
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from the LDC or from the PV panel directly. The stored energy in the BPV can be
used to supply the household appliances or sold to the grid. The HEMS can control
the PV panel operation, i.e., allocation of power between the household, the BPV,
and the grid.
Indeed, the ESD and the PV panel battery create additional power demand by the
household when RTP is low, for charging, and discharges when economically beneficial.
The PV generation depends on the weather conditions and PV panel features.
3.2.1 Objective Functions
Minimize Energy Cost
The objective function of the HEMS is to minimize the customer’s total cost of energy net
of the revenue earned.
J =
∑
t∈T
[
ρRTP(t)
{ ∑
i∈A
i 6∈{LI,ESD,BPV }
PiSi(t)+
∑
z∈LI
PLIzLz(t)+
∑
i∈{BPV,ESD}
P iLDC(t)+PD0
}
+
∑
i∈{HT,WH}
ρGASGiSi(t)− ρSEL
{ ∑
i∈{BPV,ESD}
P LDCi (t) + P
LDC
PV (t)
}]
(3.1)
In (3.1), the consumption by the household appliances and the charging power for the
ESD and BPV represent the total power drawn from the grid. The term associated with
ρGAS presents the total cost of gas consumption. The discharged power from storage devices
and BPV accounts for the power sold to the grid; ρRTP(t) and ρSEL represents the price
of buying and selling from and to the LDC, respectively. It should be noted that (3.1)
is a significantly revised objective of the HEMS from that of [31], and takes into account
detailed bi-directional energy transfers between the LDC and the BPV, and between the
LDC and the ESD.
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3.2.2 The Modified Operational Constraints
Peak Load Constraint
This constraint ensures that the total load of the house is within a specified peak load cap,∑
i∈A
PiSi(t) +
∑
z∈LI
PLIzLz(t) +
∑
i∈{BPV,ESD}
PLDCi (t)
−
∑
i∈{BPV,ESD,PV}
PHi (t) ≤ Pmax(t) ∀t ∈ Tr (3.2)
In constraint (3.2), the household load includes the appliances’ consumption, charging
power of the ESD and the BPV; net of the power discharged from the ESD, the BPV, and
that generated by the PV panel. This is a new constraint included in the HEMS vis-a-vis
[31] where minimizing of peak load was considered as an objective function. The inclusion
of peak load as a constraint helps in the LDC control aspects, as will be demonstrated
later.
Home Power Balance
This constraint ensures that the total power drawn by the household appliances at a given
interval is met from the total power drawn from the grid, discharged to the house from the
ESD and BPV, and generated by the PV system, as given below:∑
i∈A
PiSi(t) +
∑
z∈LI
PLIzLz(t) = P
H
LDC(t) +
∑
i∈{BPV,ESD,PV}
PHi (t) ∀t ∈ Tr (3.3)
Energy Storage Device
In [31], the charging level of the ESD was assumed known at each time interval, which is not
realistic. It is essential to model the ESD considering its realistic operational constraints,
as presented below:
EESD(t) = EESD(t− 1) + τ [PESDLDC (t)η1
− (PLDCESD (t) + PHESD(t))/η2] ∀t ∈ Tr (3.4)
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EminESD ≤ EESD(t) ≤ EmaxESD ∀t ∈ Tr (3.5)
PESDLDC (t) ≤ SCESD(t)PmaxCESD ∀t ∈ Tr (3.6)
PLDCESD (t) + P
H
ESD(t) ≤ SDESD(t)PmaxDESD ∀t ∈ Tr (3.7)
SCESD(t) + SDESD(t) ≤ 1 ∀t ∈ Tr (3.8)
In (3.4), the energy level of the ESD is affected by three variables: charging the ESD from
the LDC, PESDLDC (t), discharging the ESD to the LDC P
LDC
ESD (t), and discharging the ESD to
the house PHESD(t). Constraint (3.5) ensures that the ESD energy level is within the pre-set
minimum and maximum limits. The limits on charging and discharging power of the ESD
are given by (3.6) and (3.7), respectively. Constraint (3.8) ensures that the charging and
discharging process does not take place simultaneously.
Photovoltaic Panel with a Battery
The PV panel is one of the most popular renewable energy resources. The PV panel model
in [31] is modified in this study with a more detailed and realistic architecture, as shown
in Figure 3.1, and discussed below:
Solar Panel :
According to [49], the MicroFIT program of Ontario provides opportunity for residential
customers to generate up to 10 kW of renewable energy and sell it with a guaranteed long
term contract for an attractive fixed price incentive. Consequently, a PV panel with 3.6 kW
generation capability has been chosen in this model. The PV panel will generate power,
and the HEMS will optimize the usage of this power by distributing the PV generation to
the battery, household, and utility as given below:
PPV (t) = P
LDC
PV (t) + P
BPV
PV (t) + P
H
PV (t) ∀t ∈ Tr (3.9)
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Battery :
EBPV (t) = EBPV (t− 1) + τ
[{
PBPVLDC (t) + P
BPV
PV (t)
}
η1
− {PLDCBPV (t) + PHBPV (t)}/η2] ∀t ∈ Tr (3.10)
EminBPV ≤ EBPV (t) ≤ EmaxBPV ∀t ∈ Tr (3.11)
Equation (3.10) presents the dynamic relationship of the energy level of the BPV between
two consecutive time intervals, and (3.11) defines the limits on the energy level of the
battery. As seen from (3.10), the PV panel battery can be charged by two ways: from
the PV panel (PBPVPV (t)) or the LDC (P
BPV
LDC (t)). The charging procedure is formulated as
follows:
PCBPV(t) = P
BPV
LDC (t) + P
BPV
PV (t) ∀t ∈ Tr (3.12)
The battery can discharge power to the house PHBPV(t) or sell to the grid, P
LDC
BPV (t), as
follows.
PDBPV(t) = P
LDC
BPV (t) + P
H
BPV(t) ∀t ∈ Tr (3.13)
Furthermore, the following constraints are included:
PCBPV(t) ≤ SCBPV(t)PmaxCBPV ∀t ∈ Tr (3.14)
PDBPV(t) ≤ SDBPV(t)PmaxDBPV ∀t ∈ Tr (3.15)
Constraint (3.14) and (3.15) represents the maximum charging and discharging power for
the BPV. The charging and discharging processes are also ensured to take place at different
time intervals, as given below:
SCBPV(t) + SDBPV(t) ≤ 1 ∀t ∈ Tr (3.16)
The overall HEMS model comprises the original constraints given by (2.2) to (2.49)
and the modified set of equations discussed in this chapter, given by (3.1) to (3.16).
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Table 3.1: Parameters of the HEMS Model [50]
Device Parameter Setting Value Parameter Setting Value Parameter Setting Value
Fridge
θfr0 3 αfr 2.75 Pfr 0.6 kW
θminfr 0 βfr 0.605
θmaxfr 10 γfr 0.14
Water Heater
θwh0 50 αwh 4.4 Pwh 0.6 kW
θminwh 48 βwh 0.068 HRwh 0.297
θmaxwh 58 γwh 0.05 CG 0.029
Stove
EOT 65 ROT 12 Pstv 1.5 kW
LOT 88 MUT 4 MSOT 12
Dishwasher
EOT 65 MUT 8 PDW 0.7 kW
LOT 92 MDT 4 MSOT 8
Washer
EOT 64 MUT 8 Pw 0.45 kW
LOT 92 MDT 4 MSOT 8
Dryer
EOT 64 MUT 8 Pdry 1.1 kW
LOT 92 MDT 4 GapW,Dry 8
Lighting EOT 1 LOT 96 Pli 0.15 kW
Pool
EOT 29 MUT 1 Ppmp 0.75 kW
LOT 96 MDT 1 ROT 40
Energy Storage Device
Emin 1 kWh P
max
CESD
0.45 EOT 1
Emax 3.6 kWh P
max
ESD 0.45 LOT 96
PV Panel Battery
Emin 1 kWh P
max
CB
0.45 EOT 1
Emax 3.6 kWh P
max
DB
0.45 LOT 96
3.2.3 Initial Settings of the HEMS Model
The initial parameters of the HEMS model are taken from [50]. Table 3.1 shows the
considered devices in the model with their initial parameters and customer preferences.
3.2.4 Model Predictive Control
MPC is an advanced control algorithm that employs a process model for computing a
chronological succession of adjustments of variables over a future time horizon, repeatedly,
based on a fundamental optimization model and prediction of uncertain inputs [1]. Because
of the highly uncertain nature of the weather, RTP, and other predictable parameters in
an HEMS model, the MPC approach, as mentioned in [31], is integrated to optimize its
decision making process.
In this work, a future horizon of K time intervals is chosen i.e., every hour is divided
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into 4 intervals of 15 minutes each (i.e., 96 intervals over the day). Figure 3.2 shows the
interaction between the HEMS hub and the controlled appliances. At time t (i.e., the first
run starts at 12 AM), the model runs for 96 intervals which is equivalent to a day-ahead
scheduling; however, only the first interval decisions (output decision period as shown in
Figure 3.2) are applied to the household appliances, while the rest of the output decisions
are rejected. Thereafter, the time horizon is shifted one interval forward at every iteration.
The optimal solution at each iteration is based on the current and forecasted information
on weather, household’s preferences and activity level, and RTP. The HEMS model, in
the present case, is solved 96 times with updated data in order to minimize the customer
energy cost over the day. Figure 3.3 is a flowchart representation of the MPC based HEMS
operation.
Decision 
Under 
Process
12:00 AM - 12:00 AM
1st iteration
12:00 AM - 12:15 AM
output decision period
12:00 AM
1st Run
Pool
ESD
Previous Time 
Intervals
14:16 - 14:31
output decision period
2:31 PM - 2:31 PM
N Intervals ( N=96 )
2:16 PM
New Run
00:00 - 14:24
Decision Made
Figure 3.2: Schematic for Model Predictive Control of HEMS
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START
Inputs: customer preferences, RTP, 
weather, and activity level 
  j=  t, ,(K+t-1) 
Execute HEMS model   j
Apply HEMS model solution of j=t  
t = 0
K = total time intervals
t < K ?
t =  t+1
END
NO
Yes
Figure 3.3: Flow Process of MPC Based HEMS.
3.3 Case Studies and Results
3.3.1 Case Studies
Three case studies are considered in order to examine the impact of MPC on the optimal
operation of HEMS, as presented in Table 3.2 and explained below:
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• Case 1: presents the optimal solution of the HEMS model for a fixed set of input
parameters.
• Case 2: considers the optimal operational decisions obtained from Case 1 as fixed,
and examines the performance of the HEMS when the inputs such as RTP, weather,
and activity level vary. This case examines how robust the optimal decisions of the
HEMS are, when the inputs change. It is to be noted that TOU prices as applied in
Ontario, are only spread over three time blocks (peak, mid-peak, and off-peak) and
hence not offer much variability to test the performance of the HEMS. Therefore,
RTP has been used in this work, which varies every hour (in Ontario), and can be
quite volatile at times. It is also envisaged that in the near future, retail customers
will eventually be subjected to RTPs.
• Case 3: considers the same varying inputs of Case 2, but now the proposed MPC
based approach is applied to the HEMS to continuously evolve new optimal
operational decisions of the household appliances.
Table 3.2: Summary of Case Studies
Case Description Inputs
1 Base case optimal Fixed over the day
2 Optimal HEMS decisions from Case 1, fixed Updated continuously
3 MPC based approach Updated continuously
The input data of the HEMS relies on customer preferences and forecasted
parameters. The fridge, water heater, and the heating and cooling system require the
customer to pre-determine the preferred minimum and maximum temperature, while the
dishwasher, the washer, the dryer, and the stove require different settings such as the
minimum up-time, minimum down-time, required operation time, and preferred
operation hours. The forecasted RTP and weather conditions are retrieved from [51]
and [52], respectively. The HEMS model requires an accurate forecasting. Updating the
weather condition, activity level, and RTP on a continuous basis can reduce their
prediction error percentage, thus leading to increased computational and operational
efficiencies. Figures 3.4, 3.5, and 3.6 presents the plots of the forecasted values of the
weather, activity level, and RTP respectively, over a period of 24 hours. These forecasted
inputs are randomly generated by considering a ±5% error in forecast.
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Figure 3.6: Actual and Forecasted RTP
3.3.2 Results
It is important to examine whether the optimal decisions obtained from the HEMS
operations model pertaining to optimal scheduling of the appliances (Case 1), provide
satisfactory performance when the input parameters such as the activity level or the RTP
changes. Is it necessary to re-optimize the decisions over a horizon to arrive at a better
solution?
Table 3.3 presents the household appliance-wise consumption on a summer day for
the three cases described earlier. It can be noted from the HEMS model that the fridge,
cooling system and the water heater operations are affected by variations in the activity
level and RTP while the other appliances operations are only affected by variations in the
RTP. The energy cost for the day increases slightly in Case 2 over Case 1 because the base
case optimal decisions are persisted with, although input variations take place. However, if
the MPC approach is used and the operational decisions are re-optimized on a continuous
basis over a moving horizon (Case 3), a 12% reduction in the total daily energy cost over
Case 2 was noted.
Figures 3.7 and 3.8 presents a comparison of the energy flow and the interrelationships
between various entities in the house during OFF-Peak and ON-Peak load conditions. It
is noted that in Case 3 the house draws more power than in Case 2 to charge the BPV and
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Figure 3.7: OFF-Peak Comparison between Case 2 and Case 3 at Time Interval 64
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Figure 3.8: ON-Peak Comparison between Case 2 and Case 3 at Time Interval 58
ESD during the OFF-Peak period, as shown in Figure 3.7. However, in Case 3 the house
draws less power than Case 2 during the ON-Peak period to avoid high RTP, as shown in
35
Figure 3.8.
It is also noted from Figure 3.7 that in Case 3 the house is able to sell more power to
the LDC than in Case 2 by virtue of the MPC-based operation. Furthermore, comparing
Figure 3.7 with 3.8 it is noted that the house sells more power to the LDC during ON-Peak
conditions than during OFF-Peak.
Table 3.3: Energy Consumption of Household Appliances
Device
CASE 1 CASE 2 CASE 3
(kWh) ($) (kWh) ($) (kWh) ($)
Fridge 5.40 0.49 5.55 0.56 5.55 0.43
Water Heater
Elec. 0.90 0.08 0.90 0.09 1.05 0.07
Gas 0.45 0.05 0.45 0.05 0.52 0.06
Lighting 8.39 0.86 8.25 0.83 8.24 0.80
AC 17.60 1.46 17.60 1.47 16.50 1.24
Dishwasher 1.40 0.10 1.400 0.10 1.40 0.07
Washer 0.90 0.07 0.90 0.07 0.90 0.07
Dryer 2.22 0.16 2.22 0.16 2.22 0.13
Stove 4.50 0.29 4.50 0.30 4.50 0.26
Pool 7.50 0.66 7.50 0.67 7.50 0.60
Total 49.26 4.21 49.27 4.29 48.38 3.76
Table 3.4: Energy Interchanges between Two Entities
From-To
CASE 1 CASE 2 CASE 3
DCH CHD REV DCH CHD REV DCH CHD REV
(kWh) (kWh) ( $) (kWh) (kWh) ( $) (kWh) (kWh) ( $)
ESD-LDC 20.24 22.50 5.85 20.12 22.37 5.79 19.53 21.68 5.70
BPV-LDC 20.24 22.50 5.83 20.15 22.40 5.81 20.15 22.85 5.86
PV-LDC 79.60 —– 25.15 79.60 —– 25.15 79.60 —– 25.15
ESD-House 0.00 —– —– 0.00 —– —– 0.00 —– 0.00
BPV-House 0.00 —– —– 0.00 —– —– 0.00 —– 0.00
PV-House 0.00 —– —– 0.00 —– —– 0.00 —– 0.00
Total 120.08 45.00 36.83 119.88 44.77 36.75 119.29 44.53 36.71
DCH: Discharge CHD: Charge REV: Revenue
Table 3.4 presents the amount of energy charged and discharged between two sets of
entities of the HEMS, and the associated revenue for the three case studies. It can be
roughly estimated that there will be a $15 increase in monthly profit in Case 3 over Case
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2, just by implementing MPC. The results show very little difference between the three case
studies because the variations in RTP are small. However, the difference in the revenue
between Case 2 and Case 3 can be higher when the difference between the actual and
forecasted RTP is significantly large. It is noted that there is no energy delivered to the
household from the ESD and BPV because of the low RTP compared to the selling price
to the utility.
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Figure 3.9: Energy Level of PV Battery vis-a-vis RTP
The HEMS model optimizes the BPV and ESD operation over the operating horizon.
Figures 3.9 and 3.10 presents the battery energy level for the PV panel battery and the
ESD, respectively, and from these the charging and discharging processes corresponding
to the RTP variations are noted; at low RTPs the BPV and ESD operate in the charging
mode in order to discharge during high demand or high RTP periods.
The activity level and the RTP have an influence on the fridge operation as illustrated
in Figure 3.11, which, for example, starts cooling at time interval 43 to avoid operation
during interval 48 when increased RTP is forecasted. At time interval 48, the HEMS
manages this situation perfectly in Case 2 and 3 by turning OFF the fridge. However, the
fridge is turned ON again in Case 2 at interval 53 because the operating decisions are not
optimal for the fluctuating RTPs; on the other hand, Case 3 stipulates the fridge turn ON
at interval 58, which is optimally determined by the MPC. Figure 3.12 shows that water
heater operation is optimized in Case 3 as a result of implementing the MPC. On the
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Figure 3.10: Energy Level of ESD vis-a-vis RTP
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Figure 3.11: Refrigerator Operation vis-a-vis RTP
other hand, there are some unpredictable high prices in Case 2 causing the HEMS Case
1 optimal decisions to be rendered sub-optimal. Figure 3.13 illustrates the operation of
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Figure 3.13: AC Operation vis-a-vis RTP
the AC system over the time horizon. The figure shows an increase in RTP between time
intervals 8 and 13. The MPC based HEMS (Case 3) keeps the AC system OFF during
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this period. Nevertheless, the HEMS in Case 2 turns the AC system ON during the same
period which proves the lack of accurate prediction in Case 1 and the need for the MPC
approach.
The General Algebraic Modeling System (GAMS) environment is used to solve the
Mixed Integer Linear Programming Problem using the CPLEX solver. The MPC based
HEMS model takes less than one minute to compute all the objective functions with less
than 1% relative gap.
3.4 Summary
This chapter presented an MPC based HEMS model to take into consideration the impact
of uncertainty in different predictable inputs associated with the model. The activity level,
the weather condition, and the RTP are the main updated inputs of the MPC based HEMS
model. The model of the ESD and the PV panel (including the battery) are modified from
the previous work to be more realistic. The studies reveal that 12% energy cost savings can
be attained using the proposed model without compromising on the customers’ comfort
level. The MPC based HEMS model is computationally efficient and requires less than one
minute for a 24-hour MPC run, which is acceptable for the practical applications.
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Chapter 4
Optimal Coordination of Home
Energy Management System for
Demand Response Provisions
4.1 Introduction
This chapter discusses the formulation of a bi-level optimization framework to coordinate a
large number of HEMS with the LDC in order to evaluate the contribution of the customers
to provide DR services. The mathematical model of the HEMS is same as that presented
in Chapter 3.
4.2 Proposed Framework and Mathematical Models
4.2.1 Coordination of Multiple HEMS and LDC
In this work, a novel coordination framework between the multiple residential customers
and the LDC is proposed. It is assumed that all houses are equipped with HEMS and
receive updates to their inputs, such as forecasted price ρRTP(t), forecasted weather, and the
maximum power that can be drawn from the distribution grid. The respective HEMS hence
optimizes the operation of the household appliances, taking into account the customer’s
comfort level and appliance constraints. The resulting optimal load profile of the residential
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Figure 4.1: Schematic of Coordination between HEMS and LDC.
customer and other optimal decisions such as, how much power the house can sell to the
LDC, is communicated to the LDC one day ahead (see Figure 4.1). For example, referring
to Figure 3.1, the HEMS communicates to the LDC the optimal values of P LDCBPV (t), P
LDC
PV (t),
and P LDCESD (t) denoting what it can sell to the LDC, as well as, P
H
LDC(t) denoting what it
would buy from the LDC.
The LDC gathers such information from all residential customers and aggregates
them to construct the system load profile for next day. Using these bus-wise aggregated
load profiles, the LDC carries out its operation analysis for the next day considering its
objective (assumed, minimization of losses) and constraints. From this analysis, the
hour-wise optimal DR amount required by the distribution system is determined. This
bus-wise, hourly, optimal DR required, is proportionally allocated to each house and
communicated back to the individual HEMS. The respective HEMS in turn incorporates
these signals as a ‘peak demand cap’, and re-optimizes their respective appliance
schedules. The proposed scheme converges when there is no further selection of DR
requirement from the LDC’s operations model (Figure 4.2).
The proposed coordination scheme is computationally very efficient and converges in
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Figure 4.2: Coordination of Multiple HEMS and the LDC.
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9 iterations, each iteration taking about one minute. The individual HEMS optimization
programs will be executed in parallel by individual customers, and these require less than
a minute to solve. Therefore, the proposed coordination scheme can be implemented in
real-time or day ahead, easily.
4.2.2 Home Energy Management Systems
The HEMS model presented in Chapter 3 is considered. In order to represent each customer
individually, unique activity levels and customer preferences (i.e, the required operation
time and minimum up/down time of washer, dryer, stove, etc.) need to be considered.
The optimal set of outputs from an HEMS includes: the decisions on appliance operation,
the controlled load profile of the house, the energy sold/purchased to/from the LDC and
the charging/discharging decisions of the ESD and battery.
The mathematical model of the HEMS is presented below:
Objective Function
The objective of the HEMS of a particular customer h is to minimize its total cost of
energy, net of the revenue earned.
Jh,j =
∑
t∈T
[
ρRTP(t)
{ ∑
i∈A
i 6∈{LI,ESD,BPV }
Pi,h,jSi,h,j(t) +
∑
z∈LI
PLIz,h,jLz,h,j(t)
+
∑
i∈{BPV,ESD}
P iLDC,h,j(t) + PD0,h,j
}
+
∑
i∈{HT,WH}
ρGASGi,h,jSi,h,j(t)
− ρSEL{ ∑
i∈{BPV,ESD}
P LDCi,h,j (t) + P
LDC
PV,h,j(t)
}] ∀ h ∈ H ; j ∈ N (4.1)
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Peak Load Constraint
This constraint ensures that the total load of the house h is within a limit specified by the
LDC, P̂maxh,j (t).∑
i∈A
Pi,h,jSi,h,j(t) +
∑
z∈LI
PLIz,h,jLz,h,j(t) +
∑
i∈{BPV,ESD}
PLDCi,h,j (t)
−
∑
i∈{BPV,ESD,PV}
PHi,h,j(t) ≤ P̂maxh,j (t) ∀h ∈ H ; ∀j ∈ N (4.2)
P̂maxh,j (t) = P
max
h,j (t)− PDRj (t)
(PHLDC,h,j(t)
P dj (t)
) ∀t ∈ T ; ∀h ∈ H ; ∀j ∈ N (4.3)
In constraint (4.2), the household load includes the appliances’ consumption, charging
power of the ESD and the PV panel battery; net of the power discharged from the ESD,
the PV panel battery, and that generated by the PV panel. Constraint (4.3) presents
the two-way communication between the LDC and the HEMS. The updated maximum
specified demand of house h P̂maxh,j (t) is based on the previous maximum allowable demand
Pmaxh,j (t) and a portion of the DR requested by the LDC at bus j.
The other constraints of the HEMS for house h remain the same, as given in (2.2) to
(2.49) and (3.4) to (3.16).
4.2.3 LDC Operations Model
The main responsibility of the LDC is to deliver the power received from the transmission
grid to the customers at the distribution level, such as small businesses and residential
loads while maintaining the reliability and quality of service. The LDC operations model
is presented below:
Objective Function
The objective of the LDC is to minimize the losses from the feeder power flows and power
export to other entities; and to maintain DR requirements to minimum.
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J =
∑
t∈T
[1
2
N∑
j=1
N∑
k=1
Gj,k
(
V 2j (t) + V
2
k (t)− 2Vj(t)Vk(t) cos(δj(t)− δk(t))
)
+ CEXPLOSSP
EXP
LOSS(t) +
N∑
j=1
CDRPDRj (t)
]
(4.4)
It should be noted that CDR presents a large penalty factor associated with DR while
CEXPLOSS represents the penalty factor associated with power loss from export to external
grid. The objective function is subjected to the following power flow equations,
P gj (t) + P
Imp
j (t) + P
DR
j (t)− P dj (t)− PEXP(t) =
N∑
k=1
Vj(t)Vk(t)Yj,k
cos
(
θj,k(t) + δk(t) − δj(t)
) ∀t ∈ T ; ∀(j, k) ∈ N (4.5)
Qgj (t)−Qdj (t) = −
N∑
k=1
Vj(t)Vk(t)Yj,k sin
(
θj,k(t) + δk(t)− δj(t)
)
∀t ∈ T ; ∀(j, k) ∈ N (4.6)
Where,
P Impj (t) =
H∑
h
( ∑
i∈{BPV,ESD}
P LDCi,h,j (t) + P
LDC
PV,h,j(t)
) ∀t ∈ T ; ∀j ∈ N (4.7)
and
PEXPLOSS(t) = αP
EXP(t) (4.8)
P Impj (t) is the aggregate of the power sold to the grid by all the houses located at bus j,
as given in (4.7). PEXPLOSS(t) is the power loss incurred during actual power delivered to the
external grid PEXP(t) while α is the associated loss factor, as shown in (4.8).
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P dj (t) =
H∑
h
( ∑
i∈A
i 6∈{LI,ESD,BPV }
Pi,h,jSi,h,j(t) +
∑
z∈LI
PLIz,h,jLz,h,j(t)
+
∑
i∈{BPV,ESD}
P iLDC,h,j(t) + PD0,h,j
) ∀t ∈ T ; ∀j ∈ N (4.9)
In (4.9), P dj (t) represents the load at bus j and time t, as accumulated from multiple
residential customers. In addition, the LDC operations model includes constraints on bus
voltage and power drawn from the substation at each bus as given below:
V minj ≤ Vj(t) ≤ V maxj ∀t ∈ T ; ∀j ∈ N (4.10)
Pmingj ≤ P gj (t) ≤ Pmaxgj ∀t ∈ T ; ∀j ∈ N (4.11)
4.3 Results and Discussions
The 33-bus distribution feeder system shows in Figure 4.3 [53] has been considered for the
present studies. The LDC is responsible for managing the 33-bus system and meeting the
demand of 1,295 houses connected at the feeder nodes. The number of houses at each bus
is presented in Figure 4.4, which is obtained from the total load at the bus, and assuming
that the connected load at a house is 7 kW and that all houses have the same amount of
connected load.
It is crucial to evaluate the impact of DR on both customers and distribution system
operation. The coordination scheme proposed and presented in Section 4.2 is applied to
the test system and the convergence is obtained in 9 iterations after which PDRj (t) becomes
zero, as shown in Figure 4.5. It is also noted that the total cost to customers will increase
over the iterations, as the LDC imposes grid constraints. The net effect of the imposition
of the proposed coordination scheme is an increase of 1.8% in aggregated daily cost to
customers.
Table 4.1 presents one typical household’s appliance-wise consumption on a summer
day. It can be noted that there is an increase in the consumption and energy cost between
the initial appliance operation schedule and the final schedule after the 9th iteration as a
result of the peak cap imposed by the LDC, thus limiting the power that can be drawn
from the grid at low price hours. It is important to mention that many households do not
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Figure 4.3: Layout of 33-Bus Feeder System [53].
change their initial consumption level either because the customers cannot reduce their
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Figure 4.5: DR Required at Each Iteration.
power consumption any more or the LDC operations model does not opt for any DR at
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Table 4.1: Energy Consumption of House #1,080
Device
Iteration 0 Iteration 9
Energy Cost Energy Cost
(kWh) ($) (kWh) ($)
Fridge 5.40 0.58 5.40 0.60
Water Heater
Elec. 0.90 0.09 0.90 0.10
Gas 0.45 0.01 0.45 0.01
Lighting 4.98 0.56 4.98 0.56
AC 19.25 1.65 21.45 1.93
Dishwasher 1.40 0.11 1.40 0.23
Washer 0.90 0.07 0.90 0.13
Dryer 2.22 0.18 2.22 0.34
Stove 4.50 0.36 4.50 0.72
Pool 7.50 0.70 7.50 0.93
Total 47.50 4.31 49.70 5.56
Table 4.2: Energy Interchanges between Entities in House #1,080
From-To
Iteration 0 Iteration 9
DCH CHD REV DCH CHD REV
(kWh) (kWh) ($) (kWh) (kWh) ($)
ESD-LDC 17.68 21.11 3.40 18.72 22.06 3.52
BPV-LDC 18.76 21.78 3.64 18.00 20.59 3.40
PV-LDC 79.60 —– 25.15 77.96 —– 24.63
ESD-House 0.90 —– 0.07 0.66 —– 0.05
BPV-House 0.87 —– 0.07 0.60 —– 0.05
PV-House 0.00 —– 0.00 1.64 —– 0.18
Total 117.80 42.90 32.33 117.59 42.65 31.84
DCH: Discharged Power CHD: Charging Power REV: Revenue of House
that bus.
Table 4.2 presents a comparison of the energy transfers between various devices or
entities, and the revenue or savings accrued by a particular house, house #1080. It is to
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be noted that in iteration-0 the PV panel was supplying energy to the grid but as the LDC
started imposing demand caps, some energy from the PV panel was diverted to supply the
household’s appliances in order to limit the power drawn from the distribution grid.
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Figure 4.6: Optimal Load Profile for House #1,080.
Figure 4.6 illustrates the variation in the total household consumption for house #1080,
between initial and final operational schedules. It is noted that the peak hours of power
usage of the house is shifted as a result of peak signals sent by the LDC.
Figures 4.7 and 4.8 shows the temperature profile inside the refrigerator and the
operation of the AC in the initial and final scheduling process, respectively. Furthermore,
the large range between the minimum and maximum temperature limits indicates the
customer consumption flexibility.
The energy level of the PV battery and the ESD are shown in Figures 4.9 and 4.10,
respectively. The charging and discharging processes of the house devices are controlled by
the HEMS only, which ensures the customers’ right to use their energy on their household
appliances or to sell it to the LDC.
The total power discharged to the LDC by the residential customers is shown in Figure
4.11. It is noted that a large amount of power is simultaneously discharged from the
distributed energy resources within the houses; at the LDC level, this may result in surplus
energy that needs to be consumed or sold to the upstream external grid.
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Figure 4.7: Optimal Temperature Profile inside Refrigerator in House #1,080.
Table 4.3: LDC Load Profile Characteristics
Iteration No.
Minimum Load Peak Load Average Load
(kW) (kW) (kW)
Itr 0 369.075 8046.800 3314.141
Itr 9 388.500 6100.220 3358.070
It should be noted that the power imported from the external grid (Figure 4.12) is
scheduled by the LDC based on the expected load and the power scheduled for purchase
from residential customers.
Table 4.3 illustrates the improvements in the total load profile of the LDC. It is
important to note that the proposed coordination scheme does not only shift the peak
load, but it also reduces it and increases both the minimum and average load of the LDC,
thus flattening the load profile.
Figure 4.13 shows the improvements in the average voltage profile at each bus over the
day, which proves the usefulness of the proposed coordination scheme toward improvement
in grid operations.
In this work, the problem converges in 9 iterations, as shown in Figure 4.5. It is
important to mention that the number of iterations can vary based on the limits of the
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Figure 4.8: Optimal Indoor Temperature Profile in House #1,080.
power imported from the external grid and the customers’ willingness to change their
consumption behavior. In addition, the figure shows the impact of DR on the energy cost
of the customers. The increase in the energy cost of the customers is due to the LDC peak
signals which limits the customer energy consumption during low price hours. In fact,
some customers do not influence the grid operation, so the LDC does not impose such a
peak cap to limit the flexibility of their energy consumption.
4.4 Summary
This chapter proposed a novel coordination scheme between multiple HEMS and the LDC
in order to enhance the grid operation and minimize the power losses. Basically, the
proposed coordination scheme aims to evaluate the potential benefits of DR, in presence
of HEMS, in helping the LDC to manage the grid operation.
A bi-level optimization framework was proposed to model the coordination problem.
Consequently, the results of the proposed framework demonstrated considerable
improvement in both the total load profile of the grid and the voltage level at each bus in
the system, while maintaining the desired comfort level of each customer in the system.
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Figure 4.9: Optimal Energy Level of PV Battery in House #1,080.
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Figure 4.10: Optimal ESD Energy Level in House #1,080.
Improvement in the load profile of the LDC is achieved: Increasing in minimum (valley)
load, increasing in the average load, and decreasing the peak load.
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Figure 4.12: Power Imported from External Grid over Substation.
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Chapter 5
Conclusions
5.1 Summary
The research presented in this thesis concentrates mainly on the optimal operation of
HEMS and the optimal coordination between multiple HEMS and the LDC. The
residential sector accounts for a large portion of the electricity consumption and hence it
is important to examine the energy management and efficient utilization of residential
customer loads. This thesis presents some new models and coordination schemes for
residential customers and the LDC to achieve improved operational performance. The
motivations of this research, a brief review of the literature, and the research objectives
were presented in Chapter 1.
The main contents of this thesis are presented briefly, as follows:
• Chapter 2 presents the background topics relevant to smart grids and the main
concepts of DSM and DR. In addition, the fundamental mathematical model
representation of the HEMS is described, which is the basis of this research. A brief
discussion related to the concepts and applications of the MPC approach is also
presented.
• Chapter 3 presents some new features and modifications to the mathematical model
of the HEMS presented in Chapter 2, whereby the interrelationships between the
LDC, ESD, and PV panel and its associated battery are represented in detail. It also
proposes the application of the MPC approach to the HEMS in order to mitigate the
impact of uncertainty associated with the external parameters. Some case studies
and the relevant results of the proposed approach are discussed.
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• Chapter 4 presents a novel coordination scheme between multiple HEMS and the
LDC in order to enhance the grid operational performance, minimize the power
losses, and create a provision for DR service from the residential customers. A bi-
level optimization framework is presented. The effect of the proposed approach on the
operation of the household appliances and the energy cost of a customer is examined.
5.2 Contributions of the Thesis
The main contributions of the research presented in this thesis are as follows:
• A comprehensive mathematical optimization model is formulated to model the power
interchange between the house, the LDC, the ESD, and the PV with its associated
battery. The HEMS mathematical model is an improvement over that reported
in [31] with comprehensive representation of ESD and PV panel battery constraints.
A detailed MPC approach is applied to mitigate the impact of uncertainty in the
external parameters of the HEMS, such as activity level, weather, and RTP. The
results of the proposed approach show an improvement in the decision process of the
HEMS and a possibility of increasing the customer savings.
• A large dataset comprising multiple HEMS is developed with unique parameters
and preferences for each HEMS such as activity level, and minimum up-time of the
appliances, respectively, to represent the complete profile of a distribution feeder
system with residential loads.
• A novel coordination scheme between multiple HEMS and the LDC is proposed that
seeks to enhance the grid operational and create a provision of DR. A bi-level
optimization framework is formulated to coordinate a large number of HEMS with
the LDC in order to evaluate the contribution of the customers to provide DR
services. A 33-bus system is developed as a model of the LDC. The proposed
approach shows an improvement in the load profile of the LDC as well as the
voltage profile at each bus in the system but with an increase of 1.8% in daily
energy cost of the customers.
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5.3 Future Work
Based on the research presented in this thesis, some suggestions for future work is presented
below:
• In Chapter 3, the MPC-based HEMS is presented for a specific set of customer
preferences. A stochastic HEMS model need be developed to generate more than
one scenario of customer choices and behaviour patterns, and hence provide a
better representation of the customer loads and more precise analysis of the inputs.
• In Chapter 4, the HEMS model does not consider the MPC approach within the
proposed coordination scheme with the LDC. In a future work, multiple MPC-based
HEMSs can be modeled to tackle the uncertainty in the system parameters, which
can provide better insight into the residential DR contributions.
• PEVs are expected to penetrate the residential customers significantly in the coming
years and these need to be considered within the HEMS models and consequently
in the coordination scheme with the LDC, to examine their viability in DR service
provisions.
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